Purpose Previous research has shown that the rate at which suspended sediment is transported in watercourses depends primarily on discharge (Q) as the first-order control, but additional factors are thought to affect suspended sediment concentrations (SSC) as well. Among these, antecedent hydrological and meteorological conditions (e.g., rainfall depth and intensity, discharge prior to a runoff event and the duration of runoff events) may represent significant transport controlling mechanisms. Univariate models using Q-SSC rating curves often produce large scatter and nonlinearity, because many of the hydrological and biotic processes affecting the dynamics of sediment are non-linear and exhibit threshold behavior. The simulation of such highly non-linear processes is therefore an elusive task requiring consideration of several interrelated controlling variables. The aim of this study was to identify the major hydrological and meteorological controls determining the dynamics of SSC during storm-runoff events and the magnitude of SSC in a headwater catchment in Luxembourg. Materials and methods A parsimonious data-driven model (M5′ modular trees) was used to simulate SSC in response to the identified controlling variables. Antecedent hydrometeorological variables (e.g., antecedent precipitation depths, antecedent precipitation indices, and a suit of hydrological data) were used as input variables. Results and discussion Twenty-four-hour antecedent runoff volumes were determined as the major control explaining sediment depletion effects during high-flow periods, and a gradual decline of SSC as a runoff event progresses. The modeling results obtained by M5′ trees were then compared to conventional power-law rating curves. The M5′ model outperformed the rating-curve by being successful in describing the shape and magnitude of the analyzed sedigraphs. Therefore, we propose that incorporating antecedent hydrometeorological data into SSC prediction models may strongly enhance the accuracy of export coefficients. Two splitting criteria identified by the M5′ model tree (Q and antecedent runoff volume) were found and are discussed as possible thresholds responsible for the greatest nonlinearity in the Q-SSC relationship. Conclusions Our study highlights the dominant antecedent hydro-meteorological conditions acting as the major controls on the magnitude of SSC during episodic events in the headwater Huewelerbach catchment in Luxembourg. For future application, it would be interesting to extend and test the data-mining approach presented in this paper to other catchments, where other controls on sediment transport may be identified.
SSC during storm-runoff events and the magnitude of SSC in a headwater catchment in Luxembourg. Materials and methods A parsimonious data-driven model (M5′ modular trees) was used to simulate SSC in response to the identified controlling variables. Antecedent hydrometeorological variables (e.g., antecedent precipitation depths, antecedent precipitation indices, and a suit of hydrological data) were used as input variables. Results and discussion Twenty-four-hour antecedent runoff volumes were determined as the major control explaining sediment depletion effects during high-flow periods, and a gradual decline of SSC as a runoff event progresses. The modeling results obtained by M5′ trees were then compared to conventional power-law rating curves. The M5′ model outperformed the rating-curve by being successful in describing the shape and magnitude of the analyzed sedigraphs. Therefore, we propose that incorporating antecedent hydrometeorological data into SSC prediction models may strongly enhance the accuracy of export coefficients. Two splitting criteria identified by the M5′ model tree (Q and antecedent runoff volume) were found and are discussed as possible thresholds responsible for the greatest nonlinearity in the Q-SSC relationship. Conclusions Our study highlights the dominant antecedent hydro-meteorological conditions acting as the major controls on the magnitude of SSC during episodic events in the headwater Huewelerbach catchment in Luxembourg. For future application, it would be interesting to extend and test the data-mining approach presented in this paper to other catchments, where other controls on sediment transport may be identified.
Introduction
Understanding mechanisms controlling the transport of solids from catchments is important for maintaining good water quality and the reduction of excessive soil erosion. Adequate knowledge of sediment transport phenomena has implications for river morphology, siltation of water reservoirs, transport of sediment-bound contaminants and soil erosion. Storm-runoff events are responsible for episodically increased sediment fluxes in surface waters. Suspended sediment may also facilitate the transport of nutrients (e.g., Bowes et al. 2003; Withers and Jarvie 2008; Drewry et al. 2009 ) and other chemicals adsorbed onto the surface of solid particulates (Owens and Walling 2002) . Due to the multitude of environmental impacts of enhanced suspended sediment in aquatic systems, there is an imminent need to understand and identify the main factors controlling their release and subsequent transport by watercourses in order to propose appropriate remedial actions.
The extensive literature devoted to sediment export from catchments with contrasting physiography shows that there are three main categories of factors actively controlling suspended sediment mobilization and transport from catchments: (a) hydrological controls, often determined by the timing and magnitude of hydrograph components (e.g., overland flow, subsurface flow; Zabaleta et al. 2007 ); (b) meteorological forcings (e.g., air temperature, rainfall depth and intensity, intra-storm rainfall patterns; Seeger et al. 2004; NadalRomero et al. 2008) ; and (c) physiographic factors (e.g., catchment area, slope, heterogeneity of soil properties and the presence of preferential flowpaths; Schreier and Brown 2004) , and land use (Buck et al. 2004) .
Antecedent meteorological and hydrological conditions have been reported to determine both the hydrochemical and sedimentological response of catchments (Ollesch et al. 2005; Zabaleta et al. 2007; Francke et al. 2008; Ide et al. 2008; Macrae et al. 2010) . Under dry conditions, the water storage capacity of a catchment is higher than under wet conditions when the surface and subsurface storage may be saturated. Antecedent moisture conditions actively control water flow paths (Christopher et al. 2008 ) and responsiveness of a catchment to precipitation (Buttle et al. 2001; James and Roulet 2009; Macrae et al. 2010) . Antecedent moisture status of soils also determines the magnitude and the direction of the discharge (Q)-suspended sediment concentration (SSC) hysteresis loops (Butturini et al. 2006; Ide et al. 2008; NadalRomero et al. 2008) . Sadeghi et al. (2008) highlighted the effect of antecedent soil dryness and soil water repellency as a possible mechanism for soil particle entrainment. In general, in many areas of the world, the longer antecedent dry periods persist, the more enhanced may be the transport of suspended sediment and particulate nutrients, due to the fact that prewetting a soil greatly decreases crusting, runoff and interrill erosion (Le Bissonnais and Singer 1992; McDowell and Sharpley 2002) .
Many natural processes are non-linear, being "switched on and off" by certain thresholds in their controlling variables. As defined by Zehe and Sivapalan (2009) , threshold behavior in hydrology is characterized by a rapid qualitative change of the dynamics of a process in response to the underlying controls. Two kinds of threshold behavior are recognized in environmental systems: thresholds at a process level (microscales, e.g., soil particle entrainment triggered by crossing a rainfall intensity threshold, or Hortonian flow); and threshold behavior observed as an abrupt change in the response of a complex system (e.g., catchment), which is too large to be treated in a fully deterministic way such as the threshold behavior at the process level (Zehe and Sivapalan 2009) . Many hydrological processes are intermittent, because they are controlled by state variables switching from zero to a non-zero value (Buttle et al. 2001; Blöschl and Zehe 2005; Zehe and Sivapalan 2009 ). An example is storm-runoff response induced by rainfall with sufficient quantity and intensity, routed down slope to the channel network via different pathways. For example, subsurface storm flow is a special case occurring after a threshold of precipitation depth is exceeded; or Hortonian overland flow that occurs when rainfall intensities exceed a threshold when the ability of the soil to infiltrate water is exceeded (Zehe and Sivapalan 2009) . Release of soil and sediment particles and erosion also exhibit threshold-like behavior (Sichingabula 1998; Ternat et al. 2008; Hicks et al. 2000) . Traditionally, univariate mathematical formulations of the relationship between concentration and discharge are used for the calculation of export coefficients and sediment yield (Walling 1977; Horowitz 2003; Schleppi et al. 2006; Ide et al. 2007 ). However, due to the complexity of processes affecting sediment dynamics, such univariate relationships (e.g., log-log rating curves between discharge and concentration) are in most situations insufficient and result in large scatter (Walling 1977; Wood 1977; Sichingabula 1998; Alexandrov et al. 2007; Bača 2008 ). This variability is the consequence of non-linearities and threshold behavior in transport processes, as well as antecedent conditions, that control the sediment production and delivery in a unique way for each runoff event (Sichingabula 1998; Zabaleta et al. 2007; Ide et al. 2008) . Given this complex character of sediment transport phenomena, a solution may be to develop specialized models to account for the particular sub-processes.
Recent studies report that data-driven models may offer a promising alternative for improving SSC-Q relationships (Jain 2001) . Data-driven models have been applied successfully in a number of applications in water resources. Cobaner et al. (2009) used neuro-fuzzy and artificial neural networks (ANN) to predict SSCs from the Mad River catchment, USA. Their study revealed that their data-driven models perform better than other models in daily SSC estimation. Tayfur (2002) developed an ANN model for sheet sediment transport and indicated that the ANN could perform as well as, and in some cases better than, the physically based models. Similar promising results have been achieved Kisi et al. (2006) and Mianaei and Keshavarzi (2010) with neuro-fuzzy techniques, and by Francke et al. (2008) and Lopez-Tarazon et al. (2011) with random forests. The main advantages of using data-driven models are their flexibility and ability to solve large-scale complex problems such as pattern recognition, non-linear modeling, classification, association, and control (Tayfur 2002) .
Our approach is to use the modular data-driven model (M5′ model trees) introduced by Quinlan (1992) . It was originally devised to serve as a tool for discovering patterns (or structures) in datasets with the potential to provide insight into complex interactions between a number of interacting subprocesses for which separate specialized local models are built. Examples of M5′ trees in environmental sciences include: Rusjan and Mikoš (2008) who used M5′ models to predict and describe the dynamics of nitrate release from a forest catchment in relation to the seasonal aspect of hydrological and meteorological variables; Solomatine and Dulal (2003) who used model trees for rainfall-runoff modeling; Štravs and Brilly (2010) who used M5′ to predict low flows; and Bhattacharya and Solomatine (2005) who used the model approach to define stage-discharge rating curves. Despite being more structurally comprehensive compared to other data-mining techniques (e.g., neural networks), M5′ trees have not yet received full appreciation in the hydrological and sedimentological communities. To the best of our knowledge, M5′ trees have not been used to model suspended sediment transport from headwater catchments. In this study, we used M5′ modular trees as a tool to identify the main explanatory hydrological and meteorological variables controlling SSCs in a small headwater catchment in Luxembourg (Huewelerbach catchment).
The objectives of this paper are: (a) to determine the main explanatory variables (controls) affecting the magnitude of SSCs during storm-runoff events in response to antecedent hydro-meteorological conditions; and (b) to construct a parsimonious (empirical data-driven) model simulating SSC and explaining intra-event variability of SSC.
Materials and methodology

Area of investigation
The Huewelerbach experimental catchment studied in this paper is a humid temperate catchment located in the Grand Duchy of Luxembourg (49°43′6.1″N, 5°54′20.5″E). The catchment has an area of 2.7 km 2 and is located at the front of a geomorphological cuesta, on the transition zone between a sandstone plateau and the Attert valley, which is mainly composed of marly substrata (Fig. 1) (Martínez-Carreras et al. 2010a ). The catchment is drained by a main stream channel that is fed by several smaller perennial streams which are mainly supplied by groundwater originating from sandstone springs located at the interface of the sandstone and marl formations (see Fig. 1 ). A thin alluvium layer extends across the main river course at the lower part of the catchment. A mixture of sandstones and marls form the base of this alluvium. Juilleret et al. (2012) showed that this lower part of the basin features complex soils and geology. Haplic Planosol (Ruptic, clayic) developed on the "Argiles de Levalois" geological formation is found in alternation with Stagnic Cambisol (Ruptic, Arenic) on the Rhetian sandstone of the "Formation de Mortinsart". The sandy hills present Hypoluvic Arenosol (Dystric) developed on the "Grès du Luxembourg" geological formation. Spectral properties of soils and sediments, suspended sediment transport dynamics, and suspended sediment properties and sources were studied by Martínez-Carreras et al. (2010a , 2010b , 2010c . Interception by forest litter has been investigated by Gerrits et al. (2010) , while conceptualization and modeling studies of the water cycle were carried out by Van den Bos et al. (2004) . Basic hydrological characteristics are indicated in Table 1 (the beginning of the hydrological year was defined as November 1st). During the study period, specific runoff ranged from 2.6 up to 76.6 l s −1 km −2 with a median value of 5 l s −1 km −2 .
Data collection and sampling protocols
An extensive monitoring program in the catchment was initiated in 2002, and the catchment continues to be the subject of hydrological research. Precipitation and air temperature were measured in 15-minute intervals at a meteorological station located in the lower part (293 m a.s.l.) of the catchment (see Fig. 1 ). Given the position of the meteorological station and the size of our catchment, and the fact that the majority of rainfall events consisted of frontal storms with rather homogeneous spatial rainfall patterns, rainfall recorded at this rain gauge (model 52203, manufactured by Young, Campbell Scientific Ltd.) can be considered representative of the entire catchment. The discharge measurement station is equipped with an electronic pressure sensor (ISCO 4120 flow logger) to measure water depth. Discharge is calculated by stage-discharge rating curves at 15-min intervals. Samples of stream water were regularly collected during storm-runoff events and more intermittently during low flows (Fig. 2) . Sampling was mainly carried out by means of an automatic water sampler (ISCO 6712 FS) that was triggered at predetermined time steps or by flow conditions. Some grab samples were also collected. In order to assume a quasi flow-stratified sampling we tested the capability of the automatic water sampler to collect representative samples. SSC measurements obtained from flow-stratified sampling (i.e., manually) were compared to measurements obtained at the same time using the automatic water sampler at different flow conditions and SSCs (R 2 0 0.83, n05). In this way, we have been able to capture the temporal variability of SSC during changing flow conditions following rainfall and snow-melt events. The representativeness of the data was checked by plotting the flow duration curve (Fig. 3) . The flow range encompassed all suspended sediment samples. The automatic sampler contained 24 1-l plastic bottles connected to the stream via a hose. The amount of suspended matter was determined by filtering a known volume of water through pre-weighted 1.2 μm WHATMAN GF/C glass fiber filters (Millipore vacuum pump) and dried at 105°C. In total, 346 suspended sediment samples were analyzed in the Huewelerbach catchment. Dates and characteristics of the captured events are indicated in Table 2 .
Since the Huewelerbach catchment is a sandy catchment with most suspended sediment transported during high-flow periods triggered by precipitation, and our sampling strategy was focused on runoff events rather than baseflow conditions, both the sediment rating curves and the M5′ models were applied only to samples taken during runoff events. This can be exemplified by one runoff event, which transported approximately 20% of the accumulated sediment load measured during all sampled events (sediment load estimated by integration of punctual SSC measurements). In addition, only a very small number of suspended sediment samples were taken during baseflow conditions (n055), hence we preclude that including them into the model would introduce a bias toward high-flow samples. The following filtering procedure (separation of baseflow) helped us to select only those samples that correspond to runoff events. The resulting rating curves and the M5′ models are thus valid for high-flow conditions.
Hydrograph separation
For our further analysis, we focused on samples taken during storm-runoff events. The total discharge was thus separated The total runoff coefficient (k0total runoff/precipitation) for the study period is ≈ 0.25. Based on annual runoff, relatively dry years are the years 2005 and 2006 into its quick component (direct runoff) and slow component (baseflow), which is often considered to represent the groundwater. It is common engineering practice to define a quick component of the total runoff (quickflow) as that portion of the total runoff that is produced by rainfall and contributes immediately to the total streamflow during an event. The slow component of runoff (baseflow) is considered to be significantly delayed and is the less responsive portion of the storminduced runoff. Several automatic techniques are available for such quickflow separation (e.g., Nathan and McMahan 1990; Chapman and Maxwell 1996; Eckhardt 2005) . In this study, we used the recursive low-pass digital filter (Eq. 1) introduced by Eckhardt (2005) . This digital filter requires two parameters to be defined a priori: the recession coefficient α, which can be assessed by analyzing hydrograph recessions; and the maximum value of the baseflow index BFI max .
In order to minimize the subjective choice of the BFI max parameter, we used the recommended values for porous aquifers drained by a perennial stream-i.e. BFI max was set to 0.80 (Eckhardt 2005; . The recession constant α was determined using the master recession curve based on the matching-strip method (Lamb and Beven 1997) . The general form of the recursive filter is:
where BF is the baseflow component of the total runoff (in millimeters per second); BFI max is the maximum baseflow index; α is the groundwater recession constant (nondimensional unit-assessed from the master recession curve using the whole hydrometric record of daily discharge), Q is the total runoff (in millimeters per second); BF k−1 is baseflow at a previous time-step k. Eq. 1 is constrained to BF≤Q. We defined the start and end of quickflow as the time when the quickflow component (determined as the difference between total runoff Q and baseflow, i.e. QF0Q−BF) exceeded or dropped below 20% of the total discharge. As the selection of the 20% limit is rather subjective, the automatically separated events were visually inspected to discover possible inconsistencies. After separating the runoff into quickflow and baseflow for the analyzed hydrometric record (2005-2009), we processed the runoff depths into yearly statistics (see Table 1 Table 1 ).
Based on the selected criteria (QF>20% of total discharge), the complete dataset of SSC was divided into two subsets, leaving 291 samples characterizing storm-runoff events and the rest (55 samples) characterizing low-flow conditions. Events with sequential multiple discharge peaks were classified as single multi-peaked events if QF did not drop below 20% between the occurrence of the individual peaks on the hydrograph.
Our aim was to analyze data covering various hydrological and meteorological antecedent conditions on SSC dynamics during high-flow conditions. For this reason, we analyzed the intra-annual variability of specific runoff from the catchment, which was calculated for the entire available period of data records (2005) (2006) (2007) (2008) (2009) . Mean annual specific runoff exhibited a distinct intra-annual variability (see Table 1 ). Specific runoff was calculated for the available hydrometric and pluviometric records (2004) (2005) (2006) (2007) (2008) (2009) . In 2005, the catchment received 160 mm less rainfall than the calculated average of 744 mm (see Table 1 ). In contrast, 2008 was the wettest year in terms of annual precipitation depth (946 mm), which also resulted in a greater amount of quickflow. 24_hr R stands for the cumulative total runoff over 24 h prior to the start of an event; Pint is the maximum precipitation intensity per 30 min; SSC_max is the peak suspended sediment concentration; QF cumul is the cumulative runoff via quickflow; Q_base is the baseflow discharge prior to a rainfall-runoff event; P total is the total precipitation depth per event; API 7 and API 14 are the antecedent precipitation indices for 7 and 14 days prior to the start of an event; Prec 5 d is the cumulative precipitation depth over 5 days prior to an event; Temp 5 d is the mean air temperature over 5 days prior to the start of an event 2.4 Antecedent hydro-meteorological conditions Several researchers used the antecedent precipitation index to describe antecedent moisture conditions prior to a runoff event (e.g., Christopher et al. 2008) . In this paper, the antecedent precipitation index (API) was calculated for 7 and 14 days prior to the start of an event as:
where n is the number of days for which API is calculated starting from the beginning of an event; and Pi (in millimeters per day) is the total precipitation on the ith day before the event. API for 7 and 14 days are listed in Table 3 .
The 5-day cumulative precipitation depth (Prec 5 d) was selected as an additional surrogate of antecedent wetness conditions.
M5′ model trees
Due to the complex character of SSC transport, a solution may be to develop specialized modular models to account for the particular sub-processes, instead of developing a global model. Our approach was to use modular datadriven models (M5′ model trees; Quinlan 1992). The fundamental principle of model trees resides in splitting a training data set into several subsets, so that the input data space of independent variables is divided into a set of smaller regions for which locally specialized models are developed (Solomatine and Siek 2006; Solomatine et al. 2008) . The splitting procedure is done progressively, which results in a hierarchical tree-like structure with the splitting rules placed in non-terminal nodes, and linear (regression) models presented for each terminal leaf. M5′ models are constructed by the divide-and-conquer principle, i.e., the set of training data points is either instantly associated with a leaf, or used as a criterion for splitting the training cases into subsets-which is repeated recursively to all the subsequent subsets (Quinlan 1992) . Standard deviation of the independent variable is used as a splitting criterion in deciding which attribute is most appropriate for splitting the whole training dataset (Eq. 3):
where T i is for the partial datasets that result from splitting the node according to the chosen attribute; SD(T i ) is the standard deviation of a data subset (T i ) that resulted from splitting the node according to the chosen attribute; and SD(T) is the standard deviation of the instances reaching that node. The splitting process is an iterative process and terminates when either the instances reaching a node vary only slightly (in terms of the standard deviation), or there are only a few instances left. Then, the attribute that contributes to a maximum error reduction is selected for splitting at a node (Quinlan 1992; Witten and Frank 2005) . In addition, a multivariate linear model is constructed for each leaf containing a subset of attributes. The use of linear equations is the fundamental difference of M5′ trees compared to the regression of classification trees that provide only an average numerical value (regression trees) or a class value (classification trees) for each terminal note of a constructed tree. The M5′ algorithm used in this paper is implemented in the Weka® 3.4.16 software (developed at The University of Waikato, New Zealand). Slight changes in the training data set may result in selection of a different attribute for a split or at a particular node-which might give rise to structurally unstable trees (Witten and Frank 2005) . The instability problem of all tree classification schemes is that small change in input training samples may cause dramatically large changes in the position of splits (a split that was slightly inferior to the selected splits becomes slightly superior). Hence, once a different split is selected, the sub-tree evolving from that node may be very different from the original one (Li and Belford 2002) . The stability of the resulting tree structure was examined by bootstrapping the original dataset and growing a tree for each bootstrapped sample. For this, we used the bagging option in Weka 3.4.16. Based on previous research on possible mechanisms controlling sediment transport from catchments, the following candidates were considered as input variables: instantaneous discharge; quickflow; precipitation; air temperature; lagged/ cumulative antecedent characteristics (i.e., lagged values of discharge and quickflow, antecedent precipitation depth, antecedent runoff depth, average antecedent air temperature); antecedent precipitation indices for 7 and 14 days; and baseflow prior to the start of a runoff event. The selection of input variables for the M5′ model was based on the trial-and-error basis, i.e., omitting those variables that did not contribute to, or even decreased, the performance of the model. Our decision to retain or discard a variable was based on the coefficient of correlation and root mean square error (RMSE) of observations and the output of the M5 model as selection criteria. After this initial variable selection, we constructed a single model (for the retained variables, see Table 3 ). The instantaneous quickflow and precipitation did not improve the predictions, in fact, the results were worse, and hence these two variables were discarded. Antecedent hydrological conditions were expressed as antecedent runoff volume. Ide et al. (2008) suggested in their study on particulate phosphorus that incorporating the rate of change in discharge as an explanatory variable may explain sudden pulsing of particulates on the rising limb of hydrographs. Assuming that the same premise could be held for suspended sediment (due to the existence of a strong link between particulate phosphorus and suspended sediment), we tested the performance of our M5′ model with the rate of change in discharge. Air temperature was chosen as a candidate variable because it was reported to modify surface runoff generation and also the erodibility of soil, especially during snow-melt and ground freezing periods (Ollesch et al. 2005 ).
Power-law functions
Power-law relationships between suspended sediment and other water-borne substances are a well-established practice for expressing a simplified, basically univariate, relationship (Horowitz 2003; Alexandrov et al. 2007 ). Rating curves are generally obtained by least squares regression on logarithmic transformed data (Asselman 2000) or regression using a non-linear least square fitting with and without an additive constant term. In this study, we compare the performance of both log-log and non-linear rating curves with the M5′ model. As the power-law function is a univariate approach (Eq. 4), i.e., factors other than discharge are inherently not taken into account, the general form of the power-law rating curve is:
where b and c are coefficients fitted to the measured data after log-log transformation or non-linear fitting by the NelderMead downhill simplex method with RMSE as the objective function.
Results
Magnitude of suspended sediment concentration in response to hydro-meteorological conditions
In order to explore the factors responsible for the range of SSCs, maximum concentrations of suspended sediments during the sampled storm-runoff events were statistically examined by cross-correlation analysis with respect to the hydrological and meteorological conditions. With this analysis, we sought to get an initial assessment of which, if any, of the selected hydro-meteorological conditions affect sediment transport. Each runoff event was described by the following hydrological and meteorological variables (also see Table 2 ): maximum rainfall intensity over 30 min (P int); peak discharge (Q peak); discharge at the beginning of the event (Q base); cumulative runoff via quickflow (QF cumul); cumulative runoff via baseflow (BF cumul); total precipitation depth (P total); antecedent precipitation indices calculated according to Eq. 2 for 7 and 14 days prior to the start of an event (API7 and API14); cumulative precipitation depth for the five previous days (Prec 5 d); and mean air temperature over the five previous days (Temp 5 d). As an additional characteristic describing the hydrological regime of the stream prior to sediment sampling, the cumulative total runoff was calculated for 24 h prior to the start of an event (R_24hr). Cross-correlation analyses (Fig. 4) revealed that SSC peaks during the identified events were positively related (R00.37, p<0.05) to peak discharge (Q peak), yet only a poor correlation was found with maximum rainfall intensity (P int) (R00.16; p<0.05). On the other hand, SSC peak magnitudes were negatively correlated with the suite of antecedent precipitation indices API 7 , API 14 , the 5-day antecedent precipitation depth (Prec 5 d) and discharge at the beginning of the rising limb of the hydrograph (Q base) with Pearson correlation coefficients of −0.2, −0.18, and −0.265, respectively. This could suggest that sources of suspended sediment were depleted after humid periods. Suspended sediment peaks were negatively correlated with the 24-h runoff volume (R_24hr) with R0−0.23, also suggesting depletion of sediment sources during previous runoff events or periods of high baseflow.
Intra-event conditions controlling suspended sediment concentrations
A total of 26 storm events was captured between the years 2005 and 2009 (see Table 2 ). These events covered a broad range of hydrological and seasonal conditions (broad range of discharge, and both dormant and growing seasons), as well as relatively dry and wet hydrological conditions (see Table 2 ). The maximum peak discharge during the event of February 2006 was 71 ls −1 with the maximum SSC reaching 1302 mg l −1 . SSC usually peaked before discharge or occurred almost coincidently with discharge. This phenomenon has been previously described as a common feature indicating depletion of available sediment sources on the streambed without sufficient replenishment from hillslopes (Walling 1977; Zabaleta et al. 2007 ). An example of the depletion effect is the double-peaked event in December 2005 which was accompanied by a lower SSC peak at the second runoff episode (see Fig. 7 ). A similar pattern was observed during the event in February 2006 (see Fig. 7 ).
Results from M5′ models
An M5′ model was created to simulate concentrations of SSC in response to the chosen input variables of antecedent hydrological and meteorological conditions prior to the analyzed events (see Table 3 ). The resulting M5′ models indicated as terminal nodes with linear models are listed in Table 4 and are visualized in the form of a tree structure in Fig. 5 . The first major split in the tree is placed on instantaneous discharge (Q), being followed by antecedent runoff volume integrated over the previous 24 h (R_24hr). The instantaneous discharge splits the entire dataset into two separate regions: Q ≤32 l s −1 and Q >32 l s −1
. For the lower branches of the tree, R_24hr and Q were identified as subsequent splits on the tree hierarchy. The cumulative precipitation depth over the previous 48 h (P_48hr) is placed as the lowest split in the tree. Due to the reported instability issues of recursively partitioning algorithms (Li and Belford 2002) , we performed a simple statistical analysis on the trees obtained from a bootstrapped dataset.
Resampling the original dataset 100 times, the resulting trees were visually examined for consistency in positioning of their branches (splits). Discharge (Q) appeared at the root split in 93% of bootstrapped samples with a mean splitting value 31.409±2.126 l s −1 (± St. Dev). The 24-h cumulative runoff volume (R_24) appeared in 83% of the bootstrapped samples as a secondary split below the primary split of discharge (Q >32 l s −1 ), with a mean splitting value of 2271.58 ± 304.308 m 3 /24 h. With such a high occurrence of Q and R_24 on the primary and secondary splits (and relatively low dispersion around their mean values), we suggest that these two variables constitute rather stable splits with stable splitting values. The remaining splits (with lower positions on the tree hierarchy; see Fig. 5 ) were inconsistent in their values as well the selected splitting variables. We suggest that only splits that are located close to the tree root can be considered reliable and hence stable.
With the terminal equations obtained from the M5′ model tree, we attempted to simulate the response of SSC to the considered explanatory variables. In Fig. 8 , we plotted measured SSC along with simulated SSC by the M5′ algorithm that was color-coded according to the locally specialized equations indicated in Table 4 . For comparison, concentrations calculated from the linear fit on log-transformed data and non-linear fit to Eq. 4 were also plotted in Fig. 8 . In general, the M5′ model outperformed the rating curves, in terms of describing the shape of sedigraphs, and partially also the range of measured concentrations. For the December 2005 event (see Fig. 8h ), the M5′ model described the pronounced decline in SSC during the second peak Fig. 4 Maps of pair-wise correlation coefficients between maximum event-based suspended sediment concentration (SSC_max) and selected explanatory variables (as indicated in Tables 2 and 3 ). The scale represents the correlation coefficient −1<R<1. The variables have been rearranged using the k-nearest neighbor clustering algorithm to project the highly correlated variables along the main diagonal reasonably well. The event of January 2006 (see Fig. 8g ) was also simulated with a reasonable accuracy. The performance of the power-law rating curves was poor (R 2 00.2, RMSE0202 mg l −1 ; p<0.05), as it was not able to explain either the SSC peak preceding peaks of discharge, or gradual decrease of SSC during the sequence of two peaks encountered during the December 2005 event. Similarly, the shapes of the remaining sedigraphs were better described by the M5′ tree than by the rating curves. The overall performance of the M5′ models and the simulations of SSC by the rating curves can be visually inspected in scatterplots between measured and simulated SSC (Fig. 6 ). Both the linear fit to log-log-transformed data (see Fig. 6a ) and the non-linear fit (see Fig. 6b ) severely overestimated SSC values in the lower range, and underestimated higher values. On the other hand, the M5′ model yielded quantitatively better results in terms of the RMSE and mean absolute error (MAE) compared to the conventional rating curve approach (see Fig. 6c ). Although the M5′ model performs better than the conventional rating curve (higher SSC concentrations are closer to the 1:1 line in Fig. 6) , there is still a considerable scatter. As sediment concentrations in natural channels are also affected by other factors such as the sudden collapse of stream banks or sampling uncertainty, this residual scatter of data points on the SSC-Q plots is unavoidable.
Discussion
Antecedent hydro-meteorological conditions have been shown to actively determine the magnitude of SSCs. For Table 4 List of terminal nodes with linear models identified by the M5′ algorithm for suspended sediment concentrations (SSC; tenfold cross-validated correlation coefficient00.75; Mean absolute error0108.6 mg l The first number in the parenthesis after the nodes L1 through L4 indicates the number of instances reaching that particular node, whereas the second number is the percentage of that leaf in the global standard deviation defined as RMSE of predictions at a particular leaf divided by the global standard deviation.
Qinst instantaneous discharge (m ); Q_60min discharge lagged by 60 min; Psum_12hr cumulative rainfall over previous 12 h (mm); Psum48hr cumulative rainfall over previous 48 h (mm);
T_air_48hr average air temperature over previous 48 h (°C); R_24hr is the cumulative runoff volume over previous 24 h (m 3 /24 hr).
Fig. 5
Tree structure of the M5′ model proposed for suspended sediment concentration (SSC). The nomenclature is the same as in Table 3 .
Terminal nodes (rectangulars L1-L6) indicate the local linear specialized models (Table 4) the analyzed storm-runoff events (see Table 2 ), the following antecedent hydro-meteorological conditions negatively affected the overall magnitude of SSC maxima (peaks): antecedent precipitation depth (R 0−27, p < 0.05); 24-h runoff volume (R_24hr) with R0−0.23; and antecedent precipitation indices (API 7 and API 14 ) with R0−0.2 and 0.18, respectively. The negative correlations suggest that sediment sources (in the channel itself or from nearchannel areas) become depleted during previous runoff events or periods of high discharge. The wetter a catchment is prior to a runoff event, the lower are the availability of erodible sediment sources and SSCs during successive runoff periods. These results are in agreement with previous studies examining the affect of antecedent soil dryness and rainfall history on sedimentological response of catchments (Butturini et al. 2006; Ide et al. 2008; Nadal-Romero et al. 2008; Sadeghi et al. 2008) . But do antecedent hydro-meteorological conditions also affect the intra-event variability of suspended sediments? We attempted to provide an answer to this question by reconstructing and sequencing the analyzed runoff events using M5′ model trees. The structure of the model tree provides several advantages over global models (rating curves) using the entire dataset for constructing a relationship between SSC and an explanatory variable. Global models often produce large scatter (Sichingabula 1998; Asselman 2000) and, indeed, scatterplots between Q and measured SSC in Fig. 6a -b confirm this general observation in the Huewelerbach catchment. Several problems have been recognized in respect to the accuracy of the fitted log-log curve. Scatter around the regression line is caused by variations in sediment supply due to antecedent conditions and differences in sediment availability. As noted by Asselman (2000) , some researchers have attempted to find a physical meaning to the regression coefficients. For instance, the b-coefficient could represent the erosive power of the stream or an indication of the extent to which new sediment sources become available when discharge increases, while the erodibility of the soils would be represented by the a-coefficient. We used a modular approach to describe the relationship between Q and other explanatory variables, which allowed us to identify the influence of the individual variables (or controls) on the simulated SSCs (see Fig. 5 ). We speculate that despite their empirical nature, the splitting criteria identified by the M5′ model trees have the potential to be physically interpreted and related to plausible thresholds and dynamically changing controls affecting the behavior of SSC mobilization and the subsequent transport through the draining network to the catchment outlet. The M5′ model identified the instantaneous discharge (Qinst) and runoff volume (R_24hr) as the primary and secondary splitting criteria on the M5′ tree that was developed to simulate SSC (see Fig. 5 ). The scatterplot in Fig. 7 shows two regions separated by Qinst and R_24hr. At this stage, it is uncertain if the splits define true physical thresholds, but the exact value of the split for R_24 (2,360 m 3 in 24 h), as identified by the M5′ model, is a breakpoint at which the system might undergo an abrupt change in the sedimentological response. With R_24hr dropping below 2,359.8 m 3 in 24 h (terminal node L5 in Fig. 5 ), sediment were probably still available in sufficient quantities to be mobilized and transported by the increased discharge. However, for runoff volumes R_24hr exceeding 2,359.8 m 3 in 24 h, there may have not been enough sediment stored on the channel bed or along the channel banks, and hence SSC increased less steeply with increasing Q. The runoff volume R_24hr thus may explain the depletion of sediment sources in the channel and near-stream areas after long-lasting events or a sequence of short-lived events, as we observed for the events in December 2005 and November 2006 (Fig. 8g, h ) with a gradual decline in SSC on successive runoff episodes; second SSC peaks are lower than SSC peaks on the first runoff episode. It is important to note that at the same time, R_24hr was identified as a regressor in the terminal leaf equations among other input variables, which may explain the progressive declining sediment availability in the channel with long-lasting events such as the one in January Table 4 ) appeared to be appropriate. In situations when the hydrograph was composed of multiple peaks with only short inter-event periods, the sediment load can be regarded as under-capacity load, i.e. SSC were limited by the supply of sediment rather than the hydraulic ability of the Q to transport them. However, the rate of change in discharge (dQ/ dt), as another possible physical control of Q on sediment remobilization (Ide et al. 2008) did not appear anywhere in the resulting model trees. Probably, overall catchment response is not fast enough to explain an increase in SSC on the rising limb. We believe that the incorporation of the rate of change in Q as a physical control may be more relevant in flashier catchments. Antecedent temperature did not appear in any of the splits of the M5′ tree in contrast to our initial assumption that it might exert a significant threshold mechanism controlling the sediment transport, separating winter periods with frozen ground or snow-melt events and the rest of the year. The first major split in the M5′ tree was placed on instantaneous discharge (Q), and the antecedent runoff volume integrated over the previous 24 h (R_24hr). Here, we hypothesize that the R_24hr runoff volume determines the extent to which the available sources of sediments have been depleted during previous high-flow conditions that are usually accompanied with episodic runoff events or periods of elevated baseflow.
We suggest that identifying true physical thresholds in highly complex systems (e.g., catchments) is most often hindered by interfering responses caused by several subprocesses that interact in time and space. As the regions separated by the splits of the M5′ model are not particularly sharp (see Fig. 6 ), we can only assume that the threshold behavior at a process level (e.g., remobilization of streambed sediments by scour triggered by a discharge threshold) might exist in our catchment. De Sutter and Verhoeven (2001) and Petticrew et al. (2007) conducted artificial flood experiments to evaluate the influence of a transient regime on the transport efficiency of the flow in a headwater catchment (the Olewiger catchment, Germany). Their hydraulicdriven experiments suggest the existence of a threshold in shear-stress velocity on SSC. Also Evans et al. (2003) described "entrainment thresholds" for sediments in relation to discharge. Interaction of sub-processes encountering threshold behavior are often visible as a non-linear response of a complex system due to superposition of various signals (Zehe and Sivapalan 2009) . Therefore, a single process threshold may not always be readily discernable in the overall response of a complex system. Since the streambed of the Huewelerbach creek is mostly sandy, the suspended sediments are likely to result from entrainment of sediment particles from the bed following scour induced by a threshold discharge, but more investigation is needed to support this hypothesis.
In general, the M5′ model proved to be relatively successful in simulating the shape of the analyzed sedigraphs. In contrast, the power-law function was not capable of explaining the different concentrations on the rising and the recession limbs. The M5′ model outperformed the power-law rating curve despite not being able to completely explain the variation of SSC during the analyzed events (see Fig. 6 ). The dynamics of suspended sediments is a process governed by antecedent meteorological and hydrological conditions. The overall dynamics of suspended sediments during storm-runoff events are primarily determined by discharge, but antecedent hydrological conditions determine the availability of sediment sources for mobilization and transport during subsequent runoff events. The antecedent runoff regime, in particular the runoff volume over 24 h was shown to explain well the observed decline of SSC during successive events.
The rationale of using antecedent runoff volume to account for sediment exhaustion is based on the fact that the bed sediment storage may become depleted after a runoff event, whereupon there may not be much sediment available for subsequent remobilization during the next runoff event.
In the literature, various shapes of hysteresis have been reported (e.g., Walling 1977; Zabaleta et al. 2007 ), but the fact the SSC peaks precede Q peaks (see Fig. 8 ), generating a clockwise hysteresis in our catchment, is therefore most probably caused by a depletion of sediments deposited in the channels or near-stream areas. We suggest that the Since the relationship between Q and SSC exhibits a nonlinear behavior, modular modeling is of high relevance for imputing concentration during missed storms (due to equipment failure or unavailability or with insufficiently dense sampling intervals) and subsequent improvement of export coefficients (sediment yield). Moreover, the traditional approach of relating a functional relationship between Q and SSC (rating curves) has been shown to substantially underestimate high SSC and overestimate low SSC (Horowitz 2003) . Our results confirm this widely observed fact (see Fig. 6a-b) . Modular models may overcome these shortcomings by devising specialized models explaining subprocesses on a local level. Given the fact that the performance of modular trees was found to be better than the loglog rating curve, using the presented modular approach may resolve issues of unreliable estimates of sediment yield.
Suspended sediment transport in the Huewelerbach catchment is a precipitation driven process and highly linked to sediment supply. It would be interesting to test the modular approach presented here on other streams (e.g., different land use, bedrock characteristics) with higher number of observations where different dominant catchment processes may control the sediment transport. In addition, there is a possibility to also use the approach in hydraulic- 
(g) (h) Fig. 8 Comparison of measured suspended sediment concentrations (SSC) with modeled concentrations by the M5′ model and the powerlow rating curve (linear fit to log-transformed data). SSCs simulated by the M5′ tree are color-coded according the corresponding linear models L1-L6 (see Table 4) driven systems where flow forces are acting, shaping the channel bed, and where physiographic factors are less important than in slope-driven systems. A comparison between hydraulic-driven systems and slope-driven systems with data-mining techniques according to sediment transport is not reported in the literature, according to the authors' knowledge.
In hydraulic-driven systems, we would have to identify different parameters describing river channel-flow interactions as potential input variables. Linear models identified by the M5′ algorithm could be used for an explanation of suspended sediment and bedload transport. The most relevant hydraulic information is shear stress. Shear stress can be determined by monitoring water depth at longitudinal distances. We also expect that factors like riverbank stability during different seasons (e.g., riverbank vegetation/no riverbank vegetation, freezing and thawing of river bank material) are important for the understanding of transport characteristics in hydraulic-driven systems. Furthermore, in systems controlled by fluvial activity we can use linear models identified by the M5′ algorithm to assess information on particle sizes and particle shapes that are being transported. Preliminary investigations in the local Moselle River (23,777 km 2 ) have shown a tendency that coarse and angular bedload materials are transported during the rising limb of the flood wave and round and/or smaller bedload particles are transported during the falling limb (Krein et al. 2008) .
There are other factors that are supposed to be similar for slope-to-catchment driven systems and for hydraulic-driven systems; mainly hydrological controls, often determined by the timing and magnitude of hydrograph components, meteorological forcings like air temperature, rainfall depth and intensity, or intra-storm rainfall patterns are of relevance in both systems. Furthermore, we expect that antecedent hydro-climatological conditions before flood events influence bedload and suspended sediment fluxes in both systems. In order to evaluate the influence of antecedent hydrological conditions in hydraulic-driven systems, the concentrations and loads transported by single flood events have to be linked to parameters that are sufficiently described by the situation prior to the event. These may comprise, for example, the maximum water level, discharge or shear stress some days prior to the events under investigation, the pre-rain or the number of storms prior to the event.
Conclusions
Our study highlights the dominant antecedent hydrometeorological conditions acting as the major controls on the magnitude of SSCs during episodic events in the headwater Huewelerbach catchment in Luxembourg. The main conclusions from our study can be summarized as follows:
& SSCs in the small headwater catchment are more related to Q and antecedent runoff volumes than to other variables; the antecedent runoff volume explains well the depletion of sediment; & Model trees (M5′) can become an alternative technique to traditional univariate rating curves. As such, modular modeling can contribute to substantial scatter reduction by constructing specialized local models linearizing a highly non-linear problem with possibly hidden thresholds. M5′ trees improve the assessment of sediment yield in cases where high-resolution measurements are not available. The presently available data allow us only to speculate about the existence of a threshold behavior. Nevertheless, it would be an interesting avenue for further research to test our approach in other catchments with distributed sources of sediment.
